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Abstract 
Gearbox is an essential device employed in industries to vary speed and load conditions according to the requirements. More 
advancement in its design and operation leads to increase in industrial applications. The failure in any of the components of 
gearbox can lead to production loss and increase maintenance cost. The component failure has to be detected earlier to avoid 
unexpected breakdown. Vibration measurements are used to monitor the condition of the machine for predictive maintenance and 
to predict the gearbox faults successfully. This paper addresses the use of vibration signal for automated fault diagnosis of 
gearbox. In the experimental studies, good gears and face wear gears are used to collect vibration signals for good and faulty 
conditions of the gearbox. Each gear is tested with two different speeds and loading conditions. The statistical features are 
extracted from the acquired vibration signals. The extracted features are given as an input to the support vector machine (SVM) 
for fault identification. The Performance of the fault identification system using vibration signals are discussed and compared.  
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1. Introduction 
Gears are very critical and a controlling component in power transmission systems, it is having wide area of 
application in the field of rotating machinery. In recent years the operational accuracy of gears are increasing as 
demand increases. Some of the minor errors like gear misalignment, backlash, and tooth cracks after running for 
some period of time this defect will create some form of vibration which will affect the supporting components like 
bearings, shafts to fail. So it is very important to monitor the condition of the gears to avoid run time breakdown of 
the machine. The time-domain diagnostic algorithm is developed for monitoring the gear faults which has 
improvement in the extraction capability [1].  
Vibration is the behaviour of machine’s mechanical component as they react to internal or external forces.Vibration 
signal analysis is mainly employed as it is an effective approach in detecting and diagnosis of faults in gears in a 
power transmission system [2]. Continuous monitoring of gearbox vibration signals detects the deterioration due to 
propagation of faults which tells the defect in gear, in order to schedule the proper shutdown to avoid unexpected 
shutdown cost and time [3]. Excess load, manufacturing error and installation error affects the dynamic behaviour of 
gears in transmissions [4]. The fault in gear creates periodic impulses which in turn transmitted to adjacent parts. So 
the vibration signal should be detected early to avoid failure of whole system [5]. The future of condition based 
maintenance research would be a design of intelligent device, which continuously monitor its own health using 
online data acquisition, online signal processing and online diagnostic tools [6]. Compared to other monitoring 
techniques vibration signals are better and it is a very popular technique to reduce cost and enable diagnosis [7]. 
SVM is a new generation learning method based on statistical learning theory. Due to its better performance and 
accuracy, SVM is still best in feature classification for machine condition monitoring. SVM is mainly used for its 
separation of classification with a large margin which reduces the generalization error. Comparison of ANN & SVM 
for its feature selection from time-domain vibration signal [8]. After investigation of different vibration signal and 
signal pre-processing technique it is concluded that SVM have been found to be better than ANN for the entire 
feature set and the training time for SVM is also less than ANN. For wind speed application SVM outperforms over 
MLP (NN) on actual and predicted data [9]. The popularity of using SVM is high, but when it relates to the 
researchers application is rare for machine condition monitoring and SVM is moving towards the expertise 
orientation side [10]. 
In this work, a tri-axial piezoelectric accelerometer is fixed on the Gearbox to acquire vibration signal for good gear 
and a faulty gear. Statistical features were extracted from the acquired data and it is passed to the Support Vector 
Machine for feature classification. The methodology flow chart is shown in figure. 1. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig.1. Methodology flow chart. 
Accelerometer on gearbox 
Data acquisition and signal conditioning 
Statistical feature extraction from vibration data 
Training of SVM using statistical features 
Gearbox fault diagnosis using trained SVM 
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2. Experimental studies 
The experimental studies include experimental set-up and experimental procedure. 
2.1. Experimental set-up 
The experimental setup comprises of 3 major equipment’s- Motor, Gearbox and Dynamometer. Motor power is used 
as a input for gearbox drive and it has separate control panel for varying motor speed from 50 rpm to 1440rpm and it 
also consists of a data logger in it to record and store O/P current, voltage and frequency values according to the 
varying speed and operating load conditions. 
 
Fig. 2.Experimental set-up along with control panel and torque controller. 
Gearbox is made up of 4 set of gears with 4 different speed ranges. Gear shifter lever is employed in the gearbox for 
changing the gears on demand. Eddy current dynamometer is coupled on the gearbox output shaft to apply load to 
the gearbox, and its load can be varied using torque controller in terms of Kg-m. 
 
Fig. 3.Accelerometer on gearbox. 
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2.2. Experimental procedure 
The experiment was conducted based on the Experimental conditions. 2 motor input speeds, 2 loads, 4 gear speeds 
and 2 gear fault conditions with total of 32 test conditions has been carried out as mentioned in Experimental 
conditions Table 1. Piezo electric accelerometer is used to acquire vibration data and it is temporarily fixed at the 
top of gearbox using additive glues. The output from accelerometer is connected to SO analyser DAQ.  
 
Fig. 4. Face wear introduced on 1st gear. 
Table 1.Experimental conditions. 
Gear type Engaged Gear Torque (N-m) Speed (rpm) 
Good gear 
1st 
0 500 750 
5 500 750 
2nd 
0 500 750 
5 500 750 
3rd 
0 500 750 
5 500 750 
4th 
0 500 750 
5 500 750 
Face wear in 1st gear 
1st 
0 500 750 
5 500 750 
2nd 
0 500 750 
5 500 750 
3rd 
0 500 750 
5 500 750 
4th 
0 500 750 
5 500 750 
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Initially the gearbox is fitted with all good gears and the test was started with motor input speed of 500rpm and 
gearbox engaged with 1st gear with load of 0-Nm. There should be some consistency in the speed and load 
operation, so the equipment is allowed to run for some time with that particular condition to make consistent 
operation. After consistency the data acquisition will start and acquisition will carry for a time period of 300seconds 
(5minutes) in the direction of Y-axis and the total of 8192 samples per second will be stored for further operations. 
The same procedure will be followed for remaining 31 experimental conditions. 
3. Statistical features 
Feature extraction is a special form of dimensionality reduction of signal from original signal. Normally the input 
signal need to be analysed is too large and it is very tough to process this huge data’s. So transforming the input 
signal into a set of features is called feature extraction. Involvement of more number of variables is a major problem 
in performing analysis of complex data. Feature extraction is used to combine variables to reduce these problems. 
Time domain statistical features such as mean, median, mode, root mean square, standard deviation, variance, 
skewness, kurtosis, maximum and minimum is used in this work.  
4. Support vector machine (SVM) 
SVM is a universal learning machine performs classification by N-dimensional hyper-plane and it produces a better 
classification efficiency. SVM has been used extensively because of the use of well-established pattern recognition 
approach. The principle of two class approach is presented in paper [11]. SVM creates hyper-plane between two sets 
of data. The figure 5 clearly shows two class problems, where x denotes class ‘A+’ and o denotes class ‘A-’. SVM 
try to place two boundary planes as far as possible and the plane orientation can be changed such a way to maximize 
the margin between two planes and to reduce the quantisation error. The hyper-plane will be placed in between two 
boundary planes. The feature present near the boundary planes are called support vectors. It is unable to separate 
two classes properly in the input space of linear boundary. By transforming the feature into higher dimensional 
space it is possible to create a plane that allows linear separation of higher dimensions [12]. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 5.SVM classification method [M. Saimurugan et al., 13]. 
5.  Results and discussions 
As mentioned in Table 1the test has been carried for good and face wear gears with considering all other parameter 
such as load, speed etc. The obtained time-domain features will be stored and that huge amount of data will be 
extracted using Mat lab with the help of extracting variables such as Mean, Median, Mode, RMS, Kurtosis, 
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Skewness, Maximum, Minimum, Variance, and Standard deviation. These extracted data contain values separately 
for all experimental conditions.  
 
Table 2.SVM confusion matrix for gear 1. 
Category FG50010 FG50015 FG75010 FG75015 GG50010 GG50015 GG75010 GG75015 
FG50010 98 0 1 0 0 1 0 0 
FG50015 0 100 0 0 0 0 0 0 
FG75010 2 0 89 0 0 0 9 0 
FG75015 0 0 0 100 0 0 0 0 
GG50010 0 0 0 0 100 0 0 0 
GG50015 0 0 0 0 0 100 0 0 
GG75010 0 0 14 0 0 0 86 0 
GG75015 0 0 0 0 0 0 0 100 
The extracted features for 1st gear with good and faulty gear are combined as a single file by representing the all 
conditions in it. Then this file is analysed for SVM classification with training and testing of data files. The SVM 
classification efficiency is also calculated with the help of confusion matrix as mentioned in Table 2. In the Table 2 
FG denotes the Faulty Gear (Face wear) GG denotes the Good Gear. 0 N-m and 5 N-m are the two loading 
parameters considered. 
FG 500 1 0 
     
    
Faulty Gear     500rpm        1st gear      0 N-m load 
The sample testing result of the classifier for Gear 1 is represented in the form of the confusion matrix in Table 2.   
The following were interpreted from the confusion matrix. 
The diagonal elements in the confusion matrix represent the number of correctly classified instances. The element in 
the first row and first column represents the number of data points belongs to class ‘FG50010’ i.e. Faulty gear and 
has been classified as Faulty Gear, but two instances misclassified to class FG75010 and GG50015 each. 
The second element in the second row shows the number of data points belonging to class ‘FG50015’ but has been 
correctly classified in class ‘FG50015’ i.e. with 100% efficiency. Similarly all the eight data sets may have some 
misclassified and its classification efficiency is calculated. The same procedure is repeated for gear 2, gear 3, and 
gear 4.  
Table 3.Classification efficiency. 
Gears Classification Efficiency (%) 
Gear1 96.62 
Gear2 92.375 
Gear3 98.75 
Gear4 100 
The classification efficiency for all the 4 gears is mentioned in Table 3. Gear 1 consists of correctly classified 
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instances of 96.62%. Gear 2 classification efficiency is lesser compared to other gears. Gear4 provides a 100% 
classification efficiency without misclassification. For a two class problem the classification efficiency of SVM is 
quiet impressive and it can be used for automated fault diagnosis. 
6. Conclusion 
Fault diagnosis of automobile gearbox based on machine learning techniques is one of the important studies in the 
field of condition monitoring of rotating machinery. Classification efficiency of good and faulty gear with two 
different speeds and load conditions was carried out and the classification efficiency of four gears was quoted. 
Support Vector Machine shows better classification ability in identification of a various faults in the gearbox and it 
can be used for automated fault diagnosis. 
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